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Summary: The current disparity that exists among models of the climate system in their response

to projected increases in greenhouse gases provides a measure of uncertainty in the model development Results 1: The top six performing parameter sets improved model skill by 7% with nearly identical skill scores, but Results 3: Although the range in sensitivities was quite narrow after parameter values have
process. A large part of this uncertainty is likely related to specification of model parameters. We estimate for different reasons related to the wide range of selected parameter values. been systematically constrained by observations, the regional climate predictions exhibited
a lower bound to this part of the uncertainty as may be inferred from an ensemble of model configurations significant uncertainties up to 25% of the climate change signal for predictions of surface air
made from a single model (the NCAR CAM3.1 atmospheric GCM). The choice of ensemble members is Discussion: We were encouraged to see that the top six model configurations were representative of the uncertainties temperature and up to 160% of the signal for precipitation.
constrained by a stochastic, Bayesian based, importance sampling strategy whose likelihood function in estimates of the posterior distribution (figure 1). We are only about a quarter of the way through sampling. Details
includes a normalized, multivariate measure of model skill that quantifies the distance among seasonal of distributions may change substantially. However top six models likely representative of the uncertainties. Discussion: This result underscores the challenge in predicting regional climates. It has been
climatologies of model predictions and fifteen observational/reanalysis data products. We consider the previously assumed that these uncertainties are related to uncertainties that are manifested at the
effects of six parameters important to clouds and convection. The top six performing parameter sets Table 1. Breakdown of field components contributing Default |Lined, |Line2, |Line3, |Lined, |LineS5 |Lines, global scales, however we show that this is not true.
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and 2) the nature of the processes is responsible for this uncertainty. The multiple differences among ALFA mitial cloud downdraft mass flux Figure 3. Top panels: Average response among 6 model configurations identified in Figure 1 to a doubling of
models preclude an easy analysis of these questions. TAU rate at which convective clouds consume available potential energy  © | ©  sbtmced T C " I P P agmishs atmospheric CO2 concentrations for surface air temperature (left) and precipitation (right). Bottom panels:
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c0 deep convection precipitation production efficiency parameter (d) (e)

Science Objectives
- Quantify uncertainties in the climate model development process by testing choices in CAM3.1 model

parameter values that may only be indirectly constrained by observations. Results 4: Although we only targeted reducing biases in time-averaged quantities, there were

tremendous gains in predicting precipitation extremes.

-+ ldentify an ensemble of climate model configurations that represent these uncertainties and the constraints
provided by observations of climate over the past decade.

e e P T S Discussion: Although climate models get the right total amount of rainfall, model’s rain too lightly
Figure 1.Estimates of the PPD for 6 parameters of CAM3.1 important to clouds and convection (see table 2). too freq uently. The dramatic improvements we found still miss the heavy rainfall events typical of
The histograms include 95 of the 250 experiments whose cost values showed an improvement of over the continental thunderstorms (particularly over the continental US and South America.). Thus our
i i i i * . ° ° ° ° ° ° ° °
default model configuration. The parameter values of the default model are given by ared asterisk (). The 0.\ 1t5 56int to missing physics in the current generation parameterizations for getting small scale
M thOdS values of the top performing six parameter sets are labeled by the particular line number that produced them. i a . i _ -
e deep convection. The predictions from models that miss these tails, seriously underestimate how

The choice of ensemble members is constrained by a stochastic, Bayesian based,importance sampling strategy Results 2: An ensemble of 6 model configurations representative of the uncertainty in defining six model parameters global warming will affect precipitation extremes.
whose likelihood function includes a normalized, multivariate measure of model skill that quantifies the distance

) . - . : : show nearly identical sensitivity to a doubling of atmospheric carbon dioxide.
among seasonal climatologies of model predictions and fifteen observational/reanalysis data products. We

(d) TRMM likelihood of moderate to heavy rain
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consider the effects of six parameters important to clouds and convection: Discussion: These results suggest one of two things: 1) That the spread among climate models is not fundamental to the o5 i3
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to one another. We have confirmed this non-linearity exists and likely includes multiple minima in skill many other suspects to go ((e) CAM Likelihood of moderate to heavy rai 03
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scores, indicating observations provide non-unique constraints for climate model development. R f fo t CI _ t M d I 0E8 ‘ 014
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climate model. A ¢
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- Sampling strategy includes a search for an appropriate normalization of the skill score which is required @ Second Assessment Report Figure 4.Ratio of the number of rainfall events with a rain rate in the range 0.1-1 mm/hr to the total number of rainfall events
= | total number of rainfall events in (d) TRMM, (e) CAM) and (f) CAM-TRMM.
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ode g’ Comparison CAM with TRMM observations of tropical rainfall
NCAR CAM3.1 is used to make an 11-year control simulation of the present-day-climate. The model is forced = 10 - A, 7 o p——— S R R R R R
with observed monthly sea surface temperature (55T) and sea ice extent from 03/1990 to 02/2001.The model 6 o O TR (observations) — ¢
uses standard T42 horizontal resolution (roughly 2.8° x 2.8°) and 26 vertical levels. For global warming c 3 o o A ¢ " Default CAll — — & 03 3
experiments, CAM3.1 is coupled to a slab-ocean to approximate the thermodynamic response of the upper e i 3 A i g 102 | ?10—2 ] _
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- Model-data biases are projected onto orthogonal modes of variability (EOFs) in six 30 degree latitude bands 5 4t A 2 1 o 107e | I
|r:ceacr] of tge 4 seasons. Model-data biases are normalized within each band by the amount of variability ’A A rain rate (mm/hr) OO i g rate3(ronm/hr) - >
each mode.
ot €ac ° g Figure 5.Regionally aggregated PDF of rain rate for ITCZ in TRMM (black line) and deault CAM and alternate configurations
B A 7 4,5, and 6 (color lines).
- The EOF-based measure of model performance weighs more strongly modeled-observational differences
that occur over regions where these differences are large and natural variability is well defined. ]
0 ' ' ' ' ' Conclusion: This calculation demonstrates the potential of using observations to substantially reduce climate
+  Comment: The definition of the skill score should include scientific value judements concerning the 0 1 2 3 4 5 > 6 model prediction uncertainties with a more formal method of multivariate model tuning. It also provides
balance of processes that are required to simulate climate and its sensitivity to change. The current effort Temperature Change (°C) an estimate of the upper bound for single-model prediction skill, particularly for regional climates.
only specifies an equal weighting among climatologies (long term averages) of many fields a model Figure 2.Response of global mean annual mean surface air temperature and precipitation within different climate
predicts for which there exists observations or reanalysis “data’ models to a doubling of atmospheric CO2 concentration. Second and Third Assessment Reports refer to results ~ M
resented i theInergovemmentl anelom Chimate Change (PCC 1995 nd 00 Send questions and comments to charles@ig.utexas.edu




